Pancreatic cancer is the fourth leading cause for cancer-related death, and early diagnosis is one key to improve the survival rate of this disease. Molecular biomarkers are an important method for diagnostic use in pancreatic cancer. We used data from three mRNA microarray datasets and a microRNA dataset (GSE16515, GSE15471, GSE28735, and GSE41372) to identify potential key genes. Differentially expressed genes (DEGs) and microRNAs (DEMs) were identified. Functional, pathway enrichment, and protein-protein interaction analyses were performed on common DEGs across all datasets. The target genes of the DEMs were identified. DEMs targets that were also DEGs were further scrutinized using overall survival analysis. A total of 236 DEGs and 21 DEMs were identified. There were a total of four DEGs (ECT2, NR5A2, NRP2, and TGFBI), which were also predicted target genes of DEMs. Overall survival analysis showed that high expression levels of three of these genes (ECT2, NRP2, and TGFBI) were associated with poor overall survival for pancreatic cancer patients. The basic expression of DEGs in pancreas stood lower level in various organ tissues. The expression of ECT2 and NRP2 was higher in different pancreatic cancer cell lines than normal pancreas cell line. Knockout of ECT2 by Crispr Cas9 gene editing system decreased proliferation and migration ability in pancreatic cancer cell line MiaPaCa2. In conclusion, we think that data mining method can do well in biomarker screening, and ECT2 and NRP2 can play as potential biomarker or therapy target by Crispr Cas9 in pancreatic cancer.
Introduction
Pancreatic cancer is one of the few cancer types where the 5-year survival rate shows no improvement [1] . In 2016 in the United States, pancreatic cancer was diagnosed in approximately 53,070 patients and caused an estimated 41,780 deaths [2] . In China, the incidence of pancreatic cancer was in an upward trend from 2000 to 2011, and pancreatic cancer is one of the top 10 most common cancers in both men and women [3] . In Europe, pancreatic cancer is currently one of the most lethal types of cancer and has a 5-year survival of approximately 7% [2] . It is expected to rise to second place behind lung cancer by 2030 [4] . Surgery is currently the only potentially curative treatment for pancreatic cancer [5] . However, pancreatic surgery in early state is associated with significant morbidity and mortality [6] . The poor prognosis of pancreatic cancer is mainly attributed to rapid disease progression; late diagnosis at advanced, unresectable stages; and inadequate response to current adjuvant or palliative regimens. Indeed, there is no effective diagnostic method at early stage, and most pancreatic cancer patients are first diagnosed at advanced stages [7, 8] .
High-throughput technologies combined with vast amounts of publicly available data and sophisticated online analysis tools enable the scientific community to mine knowledge about genes related to cancer development in an unprecedented manner. Different types of molecular biomarkers can be used for diagnosis, prognosis, and prediction and monitoring of response to treatment. For example, the presence or absence or changes in the level of specific biomarkers in a cell are routinely used as an indication of cancer development. Molecular biomarkers are an important diagnosis tool in pancreatic cancer [9] . Thus, multiple studies have confirmed that carbohydrate antigen and carcinoembryonic antigen (CEA) can be used to predict the outcomes of multiple diseases, including pancreatic cancer [10] [11] [12] . However, these biomarkers are not sufficiently specific or sensitive for use in pancreatic cancer [13, 14] . The identification of novel pancreatic cancer-specific molecular biomarkers is crucial for early effective diagnosis [15] .
Microarrays, including DNA, microRNA, protein, and antibody microarrays, are a multiplex lab-on-a-chip system. More specifically, a microarray is a 2D array on a solid substrate for assaying large amounts of biological material using miniaturized, multiplexed, and parallel processing and detection methods. Microarrays are widely used in biomedical research. For instance, they have been used to infer general genetic alterations during tumorigenesis [16] . Microarray data are also the main resources of biomarker candidates [17] . In this study, we integrated data from three mRNA microarray datasets and a microRNA dataset with pathway, functional, and overall survival analysis to identify putative novel pancreatic cancer biomarkers among differentially expressed genes (DEGs) and microRNAs (DEMs) between normal and pancreatic cancer tissue. Crispr Cas9 system has led a revolution in gene editing. Our laboratory has done a lot of work on this field with wealth of experience. In this study, we verified the data mining results by Crispr Cas9 gene editing system and other experiments.
Materials and Methods

Microarray Datasets and Data Processing
We selected and downloaded three human pancreatic cancer gene expression (GSE16515 [18] , GSE15471 [19] , and GSE28735 [20, 21] ) and one human pancreatic cancer miRNA expression (GSE41372 [22] ) datasets from the Expression Omnibus database (GEO) [23] . The three gene expression datasets include 117 cancer tissue samples and 97 normal tissue samples from 117 pancreatic cancer patients. The miRNA dataset comprises pancreatic ductal adenocarcinoma tumor samples from nine patients and normal pancreas samples from nine healthy individuals. All these datasets were generated on Affymetrix chips and uploaded by independent groups. The GSE16515 and GSE15471 datasets are based on the GPL570 platform; the GSE28735 and GSE41372 datasets are based on the GPL16142 platform. These platforms are the mainstream choice for biomarker research [24] .
We used GEO2R [25] to identify DEGs and DEMs between pancreatic cancer and normal tissue samples. GEO2R is an online tool which can compare different groups in a GEO series. The pancreatic cancer samples served as the "cancer group," and the normal samples as the "control group." We selected genes whose adjusted (Benjamini & Hochberg or false discovery rate [26] ) P value was smaller than .01 and with an absolute log fold-change greater than 1.
We used the online tool "Calculate and draw custom Venn diagrams" (http://bioinformatics.psb.ugent.be/webtools/Venn/) to identify genes that were up-or downregulated in all three GEO datasets.
Gene Function and Pathway Enrichment Analysis
We used the Database for Annotation, Visualization, and Integrated Discovery (DAVID [27] ) to perform a functional enrichment analysis of the DEGs. DAVID is an online program to help understand biological meaning behind plenty of genes with comprehensive function, including the Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis. We set the cutoff criterion P b .05 of false discovery rate.
Protein-Protein Interaction (PPI) Network Construction and Module Analysis
We used the Search Tool for the Retrieval of Interacting Genes (STRING) database to analyze functional interactions between proteins [28] . We retrieved interactions with confidence scores greater or equal to 0.7 and screened the resulting PPI network for modules with Cytoscape-MCODE [29] and the following parameters: degree cutoff=2, node score cutoff=0.2, k-core=0.2, and maximum depth=100.
Prediction of miRNA Targets
We used GEO2R to identify DEMs between pancreatic cancer and normal tissue samples. The pancreatic cancer samples served as the "cancer group" and the normal samples as the "control group." We selected miRNAs whose adjusted (Benjamini & Hochberg or false discovery rate [26] ) P value was smaller than .01 and with an absolute log fold-change greater than 1. We used the "miRecords" tool to predict miRNA target genes [30] . miRecords integrates the results of more than 10 miRNA target prediction programs. No target was predicted for more than six miRNA target prediction programs, so we only considered DEM target genes predicted by exactly six prediction programs. Finally, we used the online tool "Calculate and draw custom Venn diagrams" (http://bioinformatics.psb.ugent.be/ webtools/Venn/) to identify common target DEGs of for the DEMs.
Survival Analysis of DEGs
We used the OncoLnc tool (www.oncolnc.org) [31] to perform overall survival analysis in pancreatic cancer. OncoLnc is an online tool for interactively exploring survival correlations. It contains survival data for 8647 patients from 21 cancer studies in The Cancer Genome Atlas (TCGA), along with RNA-seq data for mRNA and miRNA expression from TCGA, and lncRNA expression from MiTranscriptome beta. The tool gives the user the ability to separate patients based on the gene expression level of a specific gene and create Kaplan-Meier plots. We recorded hazard ratios with their 95% confidence intervals and log-rank P values. Top 10, 20, and 40 and bottom 90, 80, and 60 percentiles of expression values, respectively, were considered as high and low groups. Additionally, OncoLnc was used to do the overall survival analysis for other cancer types, including breast, lung, gastric, and liver cancer.
The Basic Expression of DEGs in Different Organs and Cancer Tissues
were three datasets in the website: HPA dataset (RNA-seq tissue data are reported as mean transcripts per million, corresponding to mean values of the different individual samples from each tissue), GTEx dataset (RNA-seq data are reported as median reads per kilobase per million mapped reads, generated by the Genotype-Tissue Expression project), and FANTOM5 dataset (tissue data obtained through cap analysis of gene expression are reported as tags per million, generated by the FANTOM5 project). We used them together in this study. In additional, we also conducted the different expression between normal pancreas and pancreatic cancer tissues. UALCAN is an easyto-use online tool for in-depth analyses of TCGA gene expression data. It uses TCGA level 3 RNA-seq and clinical data from 31 cancer types. In this study, we used it to identify the up-or downregulated of DEGs in pancreatic cancer.
Cell Culture
In this study, we used human pancreatic cancer lines ASPC1, BXPC3, PANC1, HS766T, and MiaPaCa 2; primary cell lines PaCaDD119, PaCaDD137, and PaCaDD159; and normal pancreas cell line HDPE. ASPC1, BXPC3, PANC1, HS766T, MiaPaCa 2, and HDPE were purchased from ATCC, and all the cells were grown in monolayer culture in a humidified atmosphere containing 5% CO2 at 37°C. The culture medium for ASPC1, BXPC3, and PANC1 consists of RPMI Medium 1640 (Gibco, 21875-034) with 10% FBS (Gibco, A31608-01). HS766T cell was cultured in DMEM (Gibco, 30966-021) with 10% FBS. MiaPaCa 2 cell was cultured in DMEM with 10% FBS and 2% horse serum (Gibco, 16050-130). HDPE cell was cultured in Keratinocyte-SFM (Gibco, 10724-011). PaCaDD119, PaCaDD137, and PaCaDD159 were cultured in mixed medium with 53.5% DMEM, 13.2% FBS, and 33.3% Keratinocyte-SFM. All cells were harvested by 0.25% Trypsin-EDTA (Gibco, 25200-072).
Western Blot
Cells were lysed with RIPA buffer. Gel electrophoresis was performed under reducing conditions with acrylamide gel, and proteins were transferred to a nitrocellulose membrane. 
Quantitative RT-PCR
The isolation of RNA was performed with NucleoSpin RNA Plus kit (Macherey-Nagel, #740984.250), and the cDNA was synthesized with High Capacity cDNA Reverse Transcription Kit (Applied Biosystems, 00364942). The quantitative RT-PCR was performed with PowerUP SYBR Green Master Mix (Applied Biosystems, A25741) and analyzed by 2 − △△Ct method. The GAPDH was used as reference value. Primer sequences for amplification were as follows: ECT2-forward (5′-AGGAGTCGGCGTTTGAAGAG-3′), ECT2-reverse (5′-GGTCCAATAACTCTACAATCAGCC-3′), NRP2-forward (5′-CGCGGAGGAGACAGTATCAC-3′), NRP2-reverse (5′-CCGAAGAGGAGGCCACAGAG-3′), TGFBI-forward (5′-A AGGTAACGGCCAGTACACG-3′), TGFBI-reverse(5′-GAGATGATCGCCTTCCCGTT-3′), GAPDH-forward (5′-CTTTGGTATCGTGGAAGGACTC-3′), GAPDH-reverse(5′-AGTAGAGGCAGGGATGATGT-3′). All primers were synthesized by Eurofins.
CRISPR/Cas9 Gene Editing
In this study, ECT2 was knocked out by CRISPR/Cas9 gene editing in the MiaPaCa2 cell line. The pSpCas9(BB)-2A-GFP (PX458, Plasmid #48138) plasmid was purchase from Addgene. HGLibB-14402-ECT2 sgRNA (forward: 5′-CACCTGTCTTTAATGACCTCTACA -3′ and reverse: 5′-AAACTGTAGAGGTCATTAAAGACA-3′) and Hu64433nc-sgRNA (forward: 5′-CACCATCGTATCATCAGC-TAGCGC-3′ and reverse: 5′-AAACGCGCTAGCTGATGATAC-GAT-3′) were synthesized by Eurofins. Plasmid construction was done as described in the protocol and confirmed by sequencing. MiaPaCa cells were transfected with ECT2 knockout plasmid by Lipofectamine 3000 Transfection Reagent (Invitrogen, L3000015) as protocol for 72 hours. Then, all the GFP-positive cells were sorted by fluorescence activated cell sorter. Sixty GFP-positive cells were plated in one 96-well plate for selecting single clones. After a few days of culture, Western blot and sequencing were used to make 
Proliferation Assay
Cell counting was used to analyze the proliferation ability between ECT2 knockout clones and negative control clone. Cells were plated as 3 × 10 3 cells per well in grown medium on 96-well black plates (Costar, #3603) for 4 days. After 24, 48, and 72 hours of proliferation, cells were stained with NucBlue Live Cell Stain ReadyProbes reagent ( Invitrogen, R37605) and imaged in 38 fields for each well by Evos FL Auto 2 imaging system (Invitrogen, AMAFD2000). Images were counted by HCS studio cell analysis software (Thermo, SX000041A). All experiments were done in duplicate and repeated at least three times.
Migration Assay
FluoroBlok Insert system (Corning, REF351152) was used to analyze the migration ability between ECT2 knockout clones and negative control clone. After incubation with medium without FCS for 24 hours cells were plated as 25,000 cells per well in FluoroBlokTM Insert, and put FluoroBlokTM Insert into Multiwell 24 Well (Corning, REF353504). The medium in the upper compartment was without FCS, in the lower compartment the growth medium contained 20% FCS. After 16 hours of migration in a cell culture incubator, the NucSpot Live 488 Nuclear Stain (Biotium, Cat40081) was used, and the cells attached on center of the membrane were imaged in random four fields for each well by Evos FL Auto 2 imaging system (Invitrogen, AMAFD2000).The positive point in all images was manually counted.
Statistical Analysis
Statistical analysis was performed with GraphPad Version 7 and Microsoft Excel Version 2017. For cell culture experiments, t test was used. For interpretation of differences, a P value b .05 was considered as statistically significant.
Results
Identification of DEGs in Gene Expression Microarrays
We identified 1647, 1693, and 407 DEGs in pancreatic cancer tissue compared to normal tissue in the GSE15471, GSE16515, and GSE28735 datasets, respectively. A total of 236 genes were considered DEG in all the 3 datasets ( Figure 1 and Table 1 , see Materials and Methods). In particular, 182 genes were upregulated and 54 genes were downregulated.
Functional and Pathway Enrichment Analysis
DAVID was used to analyze the functions and pathways (see Materials and Methods) of identified DEGs. DEGs were mainly involved in biological processes associated integrin-mediated signaling pathway, proteolysis, and collagen catabolic process. Moreover, seven KEGG pathways were overrepresented among upregulated genes, including ECM-receptor interaction, focal adhesion, and PI3K-Akt signaling pathway (Table 2) .
PPI Network Construction and Modules Selection
The PPI network (see Materials and Methods) included 182 upregulated (176 nodes and 282 edges) and 54 downregulated (52 nodes and 10 edges) DEGs (Figure 2A) . A total of 12 genes, including If the |Log FC| N 1, and Adj P b .05, it means that the gene has more than 10-fold change between pancreatic cancer and normal tissue, and the difference is statistically significant. The adjusted P values are listed in the Adj P value column of the results table. The Benjamini & Hochberg false discovery rate method is selected by default in GEO as it is the most commonly used adjustment for microarray data and provides a good balance between discovery of statistically significant genes and limitation of false positives.
THBS2and ITGA3, have more than 10 interaction partners ( Figure  2B ) and are potential hub genes. A significant module was observed in the PPI network of DEGs ( Figure 2B ). Overall survival analysis of the hub genes (see Materials and Methods) showed that the expression level of most of them (10/12) is strongly associated with the overall survival in pancreatic adenocarcinoma. In particular, low expression levels (bottom 10%) are associated with poor survival, while high expression levels (top 90%) are associated with improved survival (Table 3 , 10% vs 90% part). However, the effect decreases when patients are split into the bottom 20% and upper 80% and into the bottom 40% and upper 60% according to their expression values for the corresponding genes, with 5/12 and 4/12 hub genes showing a significant correlation with the overall survival, respectively (Table 3 , 20% vs 80% and 40% vs 60% part). (See Fig. 3 .)
MiRNA-DEG Pairs
We identified 21 DEMs in pancreatic cancer tissue compared to normal tissue in the GSE41372 dataset. In particular, 19 miRNAs were upregulated and 2 were downregulated (Table 4) . Using miRecords (see Materials and Methods), we predicted 718 gene targets for these DEMs. Specifically, four predicted DEM targets were DEGs: NRP2 was among the predicted gene targets of miR27a, and miR331-3p, ECT2, NR5A2, and TGFBI were among the predicted gene targets of miR302c, miR27a, and miR21, respectively.
Overall Survival Analysis
We used OncoLnc to conduct overall survival analysis of ECT2, NR5A2, NRP2, and TGFBI in pancreatic cancer. We found that Translational
high mRNA expression of ECT2, NRP2, or TGFBI was associated with worse overall survival (log-rank P value = .001, .02, and .02, respectively; Figure 4 , A-D and Table 3 ). We also analyzed the predicted DEM regulators of the four DEGs and found that high expression of miR27a and miR21 was associated with worse overall survival (log-rank P values = .001 and .002, respectively; Figure 4 , E and F). There was no significant association between miR302C expression and overall survival (data not shown). Then, we changed the percentage from 10% vs 90% to 20% vs 80%; the results also showed that high expression of ECT2, NRP2, or TGFBI was associated with worse overall survival (Table 3) . Finally, we also investigated associations between the DEGs and other kinds of cancer, including breast, lung, colorectal, and prostate cancer ( Table 5) .
Expression of DEGs in Different Organs
We used " The Human Protein Atlas " to perform the basic expression level of DEGs in different human organs. We found that the basic expression of ECT2, NRP2, and TGFBI was at lower level than other organs with HPA dataset, GTEx dataset, and FANTOM5 dataset ( Figure 5A , GTEx and FANTOM% not shown). We also analyzed the basic expression of DEGs in pancreas and cancer tissues with TCGA dataset. Those results showed that the expression of ECT2 and NRP2 was significant higher in pancreatic cancer tissues, but there was no significant difference in expression on TGFBI ( Figure 5B ). Furthermore, we found that NRP2 expression in pancreatic cancer is a big difference.
Expression of DEGs in Normal Pancreas and Pancreatic Cancer Cell Lines
For further research of the different expression of DEGs in pancreatic cancer, we detected the protein expression between normal pancreas HDPE cell and different pancreatic cancer cell lines by Western blot. Those results showed that the protein expression of ECT2 in pancreatic cancer cell lines was higher than that in normal pancreas cell line. The expression of NRP2 was higher in some kinds of pancreatic cancer cell lines, such as ASPC1, PaCaDD119, PaCaDD137, and PaCaDD159, than normal pancreas cell line. There was higher expression level of TGFBI in normal pancreas cell line ( Figure 6A ). The q-PCR showed the same results with Western blot ( Figure 6B, C, D) . ECT2 was completely overexpressed in pancreatic cancer cell lines. NRP2 and TGFBI were partly overexpressed and obviously not overexpressed, respectively, in pancreatic cancer cell lines.
CRISPR/Cas9 Gene Editing
We detected ECT2 function to verify the data mining results. From the basic expression of different pancreatic cancer cell lines and normal pancreas cell line, we found that there was higher expression of ECT2 in MiaPaCa2 cell line. Then, we used Crispr Cas9 gene editing system to knockout ECT2 in MiaPaCa2 cells ( Figure 7A) . We detected the proliferation ability with ECT2 knocked out cells, negative control cells, and wild-type cells. Those results showed that Figure 3 . Identification of DEGs and paired miRNAs in the three mRNA expression and one miRNA expression profiling datasets. We found four specially DEGs and their miRNA, including ECT2-miR302c, NR5A2-miR27a, NRP2-miR27a, and miR331-3p, TGFBImiR21. ECT2 knocked out cells grew slower than negative control and wildtype cells ( Figure 7B ). Furthermore, we also detected the migration ability with ECT2 knocked out cells. Those results showed that the migration ability of ECT2 knocked out cells was lower than negative control and wild-type cells ( Figure 7 , C and D).
Discussion
Pancreatic cancer is a nearly universally fatal disease and is one of the few cancer types that continue to increase in incidence [33] . It is expected to become the second leading cause of cancer-related deaths in the United States in the next few years. Peak incidence of pancreatic cancer has been linked to few predisposing factors, including cigarette smoking, red meat, obesity, and heavy alcohol consumption along with pancreatic disease [34] [35] [36] . Because of its aggressive behavior and frequently late diagnosis, research aiming at early diagnosis of pancreatic cancer or its precursors is crucial. Molecular biomarkers play an important role in early diagnosis, and the rapid development of high-throughput technologies has resulted in an increasing number of biomarkers being screened for disease progression [37, 38] . Biomarkers enable the identification of genes, miRNAs, LncRNAs, and so on for early diagnosis, treatment, and prognosis of the disease, including pancreatic cancer. In particular, microarray and follow-up experiments performed in our laboratory over the last few years [39, 40] have shown that we can identify biomarkers and key genes in pancreatic cancer [39, 41] . In this study, we used three mRNA and one miRNA expression microarray datasets to identify biomarkers in pancreatic cancer. The four expression microarrays correspond to two different platforms, making the screen result more robust. We performed a comprehensive analysis of the DEMs, including functional and pathway enrichment analysis, and PPI analysis. Next, we screened the DEGs among the putative targets of the DEMs. Compared to previous studies [15, 42, 43] , the samples included were more comprehensive and random. We identified a total of 236 DEGs among the three mRNA expression microarray datasets, consisting of 182 up-and 54 downregulated genes. Upregulated DEGs were mainly associated with the integrin-mediated signaling pathway, proteolysis, and the PI3K-Akt signaling pathway, which have been proved to have a close relationship with pancreatic cancer [44] . Twelve of the 236 DEGs were highly connected in the PPI network and were in the core of the PPI network. Such hub genes are usually the focus of microarraybased biomarker research. Indeed, an overall survival analysis with the clinical data from TCGA showed the expected trend, with 10 of these genes being strongly associated with overall survival in pancreatic adenocarcinoma. However, the correlation between increased overall survival and low expression levels is only strong for the bottom 10%, and the number of hub genes displaying a significant correlation decreases to 5 or 4 when then 20th and 40th percentiles are considered. In addition, we identified 21 DEMs and their more than 500 predicted target genes. In order to improve the generalizability and robustness of the predictions, DEM target predictions were Figure 4 . Prognostic value of four DEGs and their miRNA in pancreatic cancer patients. Prognostic value of (A) ETC2 (log-rank P value = .00124), (B) NR5A2 (log-rank P value = .139), (C) NRP2 (log-rank P value = .0177), (D) TGFBI (log-rank P value = .0199), (E) miR21 (log-rank P value = .00157), and (F) miR27a (log-rank P value = .00117). obtained with an ensemble approach [30] . Four DEM targets were also DEGs: ECT2 (miR302c), NR5A2 (miR27a), NRP2 (miR27a and miR331-3p), and TGFBI (miR21). All four DEGs were upregulated in pancreatic cancer tissue. miRNA including miR27a, miR331-3p, and miR21 were upregulated; miR302c was downregulated. NR5A2 has been reported to be upregulated in pancreatic cancer [45] ; ECT2, NRP2, and TGFBI are novel candidates. Overall survival analysis of these genes showed that upregulation of ECT2, NRP2, or TGFBI is significantly correlated with poor survival of pancreatic cancer patients. Interestingly, 7 patients had low expression levels for ECT2, NRP2, and TGFBI, and 13 patients had low expression levels for 2 of these 3 genes. However, this finding warrants further investigation. ECT2 locates at 3q26.31, is a BRCT-containing guanidine exchange factor for Rho GTPases, and was found to be a responder to DNA damage [46] . It controls cell division and exerts oncogenic functions in multiple cancers [47, 48] . Patients with high expression of ECT2 also have poor overall survivals in lung (log-rank P value = .04) and liver (log-rank P value = .003) cancer. Additionally, ECT2 has been reported to play an important role in the Wingless/Wnt and KRAS signaling pathways [49, 50] . The KRAS is a key signaling pathway in pancreatic cancer. Typical alterations in the molecular signaling include mutations in KRAS in 95% of pancreatic cancer [41, 51] . Consistent with our results, previous studies have also shown that ECT2 is an oncogene which is overexpressed in pancreatic tumor tissues [52] . However, the oncogenic mechanism for pancreatic cancer has rarely been explored. NRP2 is located at 2q33.3; is a nontyrosine kinase receptor frequently overexpressed in various malignancies; and may play a role in cardiovascular development, axon guidance, and tumorigenesis [53] . Some studies have shown that it is required for maintaining endocytic activity in cancer cells, which supports their oncogenic activities and confers drug resistance [54] . Further, it has been suggested that NRP2 works its biological function via the GSK3β and VEGFC/VEGFR3 signaling pathway [55, 56] , and GSK3β plays a key role in resistance to pancreatic cancer therapy [57] . We performed overall survival analysis of NRP2 in some common tumors and found that upregulated NRP2 is significantly correlated with poor overall survival of liver (log-rank P value = .008) tumor patients. In our study, NRP2 we could not confirm a significant correlation of NRP2 expression and survival in breast and gastric cancer, but other studies have shown a function in breast and gastric tumor, proving that it is an important gene in solid tumors [58, 59] . However, there is no study focused on NRP2 function in pancreatic cancer. Finally, TGFBI, also known as βig-H3, is a protein inducible by TGFβ1 and secreted by many cell types [60] . Furthermore, TGFBI is an important component of the Wnt signaling pathway [61] . It is located at 5q31.1. In our study, the patients with upregulated TGFBI have poor survival rate in gastric (log-rank P value = .004) and pancreatic (log-rank P value = 2.0 × 10 −2 ) cancer. TGFBI has been studied in the context of many different diseases, but no study has revealed its function and mechanism in pancreatic cancer. Interestingly, all ECT2, NRP2, and TGFß1 are involved in the Wnt signaling pathway, which has been reported to be an important regulated part and potential treatment target in pancreatic cancer in multiple studies. These observations support our hypothesis that ECT2, NRP2, and TGFBI are potential regulated components of pancreatic cancer and that there may be more interactions among them. Together with NR5A2, these four genes grant further in vivo and in vitro study. Among the 21 DEMs in pancreatic cancer, we identified 19 upregulated and 2 downregulated miRNAs. miR27a was the strongest upregulated miRNA, and miR630 was the strongest downregulated miRNA. Some studies have reported that miR27a is a cooperative repressor of a network of tumor suppressor genes, and inhibition of miR27a has been shown to have synergistic effects in reducing proliferation of PDAC cells in culture and growth of xenograft tumors in mice [22] . NR5A2 and NRP2 are the predicted targets of miR27a, and ECT2, NR5A2, NRP2, and TGFBI were DEGs in the three mRNA expression datasets. miR21, miR302c, and miR331-3p potentially play a role in pancreatic cancer.
We also checked the basic expression of DEGs in different organ. We found that the basic expression of ECT2, NRP2, and TGFBI was at a lower level than other organs with HPA dataset, GTEx dataset, and FANTOM5 dataset. In HPA dataset, those 3 DEGs were the last one of 37 organs. However, in the comparison of expression between pancreas and pancreatic cancers from TCGA, we can that found ECT2 and NRP2 were statistically significantly higher in cancer tissues. It predicted that the higher expression of ECT2 and NRP2 may play a role in tumorigenicity of pancreatic cancer.
For further verification of above data-mining results, we used basic biology experiment to detect the basic expression of ECT2, NRP2, and TGFBI in normal pancreas cell line and pancreatic cancer cell lines. Those results proved that ECT2 and NRP2 had higher expression level in pancreatic cancer. However, there was higher expression level of TGFBI in normal pancreas cell line. Globally expressed ECT2 was associated with worse overall survival stably. Mixed expressed NRP2 was associated with worse overall survival based on the percentiles of expression values and cancer kinds. Outlier expressed TGFBI was associated with worse overall survival occasionally (Tables 3 and 5 ). We think ECT2 and NRP2 may play an important role in pancreatic cancer.
Furthermore, we also did gene function analysis by experiment. We made MiaPaCa2 ECT2 knockout stable cell lines to verify the above results with Crispr Cas9 system. As those results showed, knockout of ECT2 decreased the proliferation and migration ability of MiaPaCa2 cells. It predicted that ECT2 was an important gene in pancreatic cancer. This is in line with expectations based on above results.
This study is a next step in identifying relevant biomarkers for early diagnosis and progression of pancreatic cancer. In this study, we combined high-throughput mRNA and miRNA expression datasets with functional and regulatory network analyses to screen for biomarkers. miR21, miR27a, miR302c, and miR331-3p and their predicted targets genes ECT2, NRP2, and TGFBI were selected as promising candidates. Then, we detected the basic expression level of DEGs in various organ tissues and different pancreatic cancer with data mining and experiment methods. Those showed that ECT2 and NRP2 were in line with data mining results. We also used Cripsr Cas9 gene editing system to knockout ECT2 and proved its important function in pancreatic cancer. Meanwhile, we will continue to research ECT2 and NRP2 functions and mechanisms in pancreatic cancer and assess their clinical application prospects. We believe that ECT2 and NRP2 can play as potential biomarker in pancreatic cancer patients, and they may be potential target therapy site with Crispr Cas9 gene editing system for pancreatic cancer.
